Abstract-Rockfalls have over the last decades become a serious and frequent hazard, especially due to larger variations in precipitation and temperatures, destabilizing rocky slopes in mountainous regions. Hence, civil engineers are applying the latest simulation tools to perform risk assessments and plan mitigation strategies. These tools are based on various models with many parameters that should be calibrated and evaluated with real-world in-field measurement data. In this paper, we present a rugged low-power multisensor node termed StoneNode that has been designed to acquire and log accurate inertial sensor measurements during induced in-field experiments with falling rocks. The node hosts low-power microelectromechanical system sensors with high dynamic ranges sampled up to 1 kHz, and provides a long battery lifetime of up to 56 h, enabling longlasting field studies with a duration of several working days. Exhaustive in-field experiments have been carried out with several differently shaped rocks on typical terrain in the Swiss alpine region. The experiments comprise more than 100 induced tests with several heavy impacts of >400 g. This paper gives a detailed summary of these results, including unprecedented in situ data of rockfall trajectories and postexperimental validation where we compare simulated rockfall deposition distributions and motion traces with in-field measurements after calibration of the simulation module. Our results and experience gained infield confirm that the StoneNode is a reliable easy-to-use device, which greatly facilitates the data acquisition process. Further, the results obtained with the calibrated simulation tool show good quantitative and qualitative congruence with the experiments, further reaffirming our methodological approach.
delays and high costs for transport companies and threatening the lives of people. Meshes draped over the slope faces and barrier fences are often used to protect streets and buildings from rockfalls [4] , [5] . However, in many cases, these protections are not enough, and hence tunnel-like protections have to be constructed, especially for highways and railway tracks. A more expensive protection consists in slope modifications such as berms, rock sheds, ditches, or fills, which reduces the threats. The main drawback of these protections is the high cost of planning, installation, and construction, which is usually financed by the local governments. This leads to a delicate tradeoff between the immediate financial burden of the protection measures and the safety risks involved.
Simulation and estimation software solutions based on mechanical models have been investigated and developed recently [6] [7] [8] [9] [10] [11] [12] [13] [14] . Today, state-of-the-art solutions are able to perform accurate rockfall trajectories simulations, and they are crucial tools for civil engineers to improve the risks assessments and develop mitigation strategies [6] , [7] , [15] . These sophisticated simulation tools are based on high-quality mass movement and dynamics models, coupled with precise terrain information. These models have many parameters, and to achieve reliable simulations, these parameters need to be calibrated and validated using in-field experiments. Inaccurate modeling caused by insufficiently calibrated models or caused by inexperienced users may lead to the application of large safety margins, which in turn increases cost and construction complexity of the planned protection measures, or even more fatal, to an underestimation of the risk.
As mentioned, to achieve accurate simulation models, the crucial task is to obtain accurate measurements of the rock trajectories [16] . Today, there is no data set consisting of highquality measurements available, and hence the only solution is to acquire such data by logging them in in-field experiments. Many research institutes, such as the WSL Institute for Snow and Avalanche Research (SLF) in Davos, Switzerland, are currently attempting to acquire such data in Alpine terrains to improve their simulation models. To this end, the most relevant parameters are the rock materials, the terrain shape and ground properties such as elasticity, and the trajectories and incurred accelerations and angular velocities of typical rocks in motion. Terrain models are usually acquired with aerial photogrammetry using unmanned aerial systems (UASs), and material parameters of the ground can be measured with specialized instruments. Trajectory samples and forces are typically acquired with induced rockfall experiments, using either video capturing systems or in situ sensors [17] .
In the last decade, miniature and low-power microelectromechanical system (MEMS) inertial sensors have become popular to measure motion attributes such as velocities and accelerations. An interesting category of MEMS is the inertial measurement units (IMUs), which have been used to capture data for a variety of applications [18] . Recent IMU modules provide precise measurements with high sampling rates, and the fusion of inertial sensor data with data stemming from other sensor types (e.g., pressure) has been demonstrated to increase accuracy in many fields [19] [20] [21] . To deploy such sensors during in-field experiments, battery-powered sensor nodes have to be designed in a robust and reliable manner and with low energy consumption to enable several experiment repetitions with the same hardware.
Contributions: In this paper, we present an updated version of the StoneNode that has initially been presented in [22] . The StoneNode is a low-power sensor node containing embedded MEMS sensors to log accurate measurements of moving rocks in induced field experiments. The updated version of the node shares the same main architecture and components of the previous one, but it includes a pressure sensor for measuring altitude differences, which is useful for assessing the height of the jumps in the rockfall trajectory. Furthermore, the updated firmware enables higher accelerometer and gyroscope sampling rates of up to 1 kHz instead of 400 and 500 Hz, respectively. A major contribution of this paper is the extensive measurements (accelerations and angular velocities) acquired with the StoneNode by instrumenting several differently shaped rocks on a test site in the Swiss Alps. Moreover, we present a comprehensive description of the experimental setup and the rocks that have been used, including initial results and comparisons of ongoing calibration and validation efforts of the rapid mass movement simulation (RAMMS)::ROCKFALL simulation software [6] , [7] .
II. RELATED WORK
In this section, we present existing work on current software tools and simulation models for rockfall simulation, and provide an overview of typical experimental measurement setups and data collection methods, including in situ sensor nodes.
A. Rockfall Simulation Software
Accurate prediction of mass movement, run-out distances, flow velocities and height, and impact pressures in natural 3-D terrain is the driving motivation behind the development of improved mass movement dynamics models. There are several simulation programs and rockfall models available, such as the Colorado Rockfall Simulation Program [14] , Rockyfor3D [23] , RocFall [24] , and RAMMS::ROCKFALL [6] , [7] . The last one is built around the well-established RAMMS for avalanches and debris flow and provides the current state-of-the-art 3-D rigid body and slippage model, capable of simulating various complex rock shapes and modeling the impact of terrain scaring to provide highly accurate estimates of trajectory probability and potential range. The modules for avalanches and debris flow have already been extensively verified by experiments on real-scale test sites in Vallée de la Sionne and Illgraben, Switzerland, and data from numerous data sets of historic avalanche and debris flow events were used for development and calibration. While the released edition of RAMMS::ROCKFALL has been extensively calibrated via back calculation of case studies, further developments and extensions need more data for further improvement. With the development of the StoneNode, we provide an easy-to-use device for this task.
B. Data Collection Methods for Model Verification
Various approaches to measure rockfall trajectories have been presented in [25] and [26] , with concepts involving in situ measurement devices, local positioning systems (LPSs), and video-based tracking with multiple high-speed cameras and fixed visual location marking around the test slope of about 200 m length and 50 m width. Another series of experiments has been conducted by [27] , where visual tracking of the falling rock has been used on a small test site. They used a single high-resolution high-frame-rate camera and many reference point markings on the slope and on the rock for tracking. The test site for these experiments was limited to a few tens of meters and the rocks were released from a height of 6 m above the ground. In [28] , rockfall experiments with tracking using multiple cameras have been undertaken to verify some rockfall models on site with a length of about 500 m and an elevation difference of about 250 m.
The aforementioned approaches all require complex on-site setups to fix visual reference points. Because of the limited resolution of even high-end machine vision cameras over long distances, a single camera strongly limits the size of the test site and a multicamera setup requires complex data extraction. In neither setup, a 3-D trajectory reconstruction is performed; in fact [26] uses position measurements projected onto a horizontal plane, and [28] views the 2-D jump trajectory from the side.
In situ measurement devices are easier to set up and do not exhibit the mentioned limitations. Early experiments by the SLF with such devices have been published in [25] and [26] . These devices make use of accelerometers, gyroscopes, and LPSs, and the newest sensor from [26] can measure accelerations up to ±500 g and angular velocities up to 500°/s, both with 8 b resolution at around 900 Hz. The LPS provides position updates at around 15 Hz and requires several external antennas to be distributed over the testing site. All sensors developed in [25] and [26] use dated technology that is not densely integrated, large, and does not always provide sufficient resolution and sampling rate. Also, the sensor nodes are large in size, consist of several connected PCBs, and have limited storage and battery capacity, making them inconvenient to handle in the field. A miniaturized and low-range sensor node is presented in [29] labeled SmartStone based on a Bosch Sensortex BMX055 IMU. Being designed for rather slow motions, it fulfills its metering purpose for pebbles but is not suited for fast motions and heavy impacts.
Almost all commercial sensor nodes that are available today (sometimes also referred to as motes [30] ) are not suitable for the task at hand due to the harsh environment and strict Table I gives a qualitative overview of existing methods and devices to identify rock movements with respect to their measured degrees of freedom (DOF), their respective ranges for the measured parameters, the data access (where a simple plug-and-play retrieval is favored), its upgrade capabilities, and its costs. Clearly, devices employing new sensor fusion technologies feature more advantages. Thus, developing a customized node allows using the lowest amount of components without mechanical parts and ensures that the specifications are met. The StoneNode represents a continuation of the work by SLF, and specifically focuses on the aforementioned issues by reducing the power consumption in order to increase operating lifetime, by improving on the form factor and ruggedness, and by designing interfaces that allow convenient data retrieval. The developed sensor node will serve as a basis for a new generation of rockfall sensors that are easier to handle and employ modern technology.
III. STONENODE SYSTEM OVERVIEW
This paper presents StoneNode, a low-power, robust, and reliable multisensor node with a fast accessible interface. The StoneNode comes in two versions: the base version v1.0 that has been initially presented in [22] and an updated version v1.1. As indicated in the top-level block diagram shown in Fig. 2 , both StoneNode versions share the same main architectural features. The main differences of v1.1 with respect to v1.0 are two additional components: a barometer for direct measurement of altitude differences, and a buzzer for more convenient retrieval in the field experiments in case of rock disintegration. Further, the firmware has been improved in order to support higher accelerometer and gyroscope sampling rates of 1 kHz, and the aluminum case has been extended with a lid for improved protection during field tests.
The node works with a 1100-mAh LiPo battery for 20-56 h (depending on the employed sensor configuration and sampling rates) and stores all the information on an on-board flash memory. A USB port allows recharging the battery and provides access to the recorded data and debugging capabilities. High-speed (USB 2.0) access to the data is guaranteed using a dedicated storage controller that interfaces to the SD card on the StoneNode. The use of the mass-storage device class enables to connect the StoneNode to any computer, which highly improves its usability.
The StoneNode has been designed to be rugged and reliable. It contains only one PCB with no mechanically moving parts-all components including the microSD card are soldered onto the PCB and the selected push buttons have a strong spring and software debouncing with a high time constant. The StoneNode is protected by a 5-mm-thick metal housing (see Fig. 1 ), and an additional epoxy fill ensures a firm attachment of the PCB and its components. For high reliability in the field, only industrial grade components have been selected, thereby guaranteeing an operating temperature range from −40°C to 85°C. More details on the component selection, hardware, and firmware design are given in the following.
A. Hardware
As shown in Fig. 2 , the node is based on an MSP430 low-power microcontroller and contains an integrated accelerometer and a gyroscope. Data are stored on a 2-GB microSD card that is soldered on-board in order to minimize the number of mechanical parts. In order to enable fast access to the microSD card, an additional data multiplexer has been inserted into the design, which allows to mount the microSD card via a dedicated mass storage controller once the sensor node is connected to a computer. In normal operation, the microSD signals are routed to the microcontroller that accesses the card in the slower serial peripheral interface mode. This still provides more than sufficient bandwidth to write the measured data, which amounts only to around 10 kB/s. A UART to USB bridge provides additional debugging functionality, and four status LEDs, two general purpose push buttons, and one reset button offer a minimal interface for the user to interact with the StoneNode. The node is powered from a LiPo battery that can be charged via USB. Components like the mass storage controller, which are required only when the USB port is connected, are powered down during normal operation. Table II summarizes the main hardware components discussed in detail below. 1) Sensors: Previous evaluations by the SLF elaborate the expected parameter ranges occurring in rockfall events [26] . For acceleration and rotational DOF, the following sensor specifications are suggested: 0-500 g with 0.5 g resolution and sampling rates in the order of 1-10 kHz for accelerations, and 6000°/s with 90°/s resolution and 10-100 Hz sampling rate for angular velocities. We aim at fulfilling these specifications with completely integrated tri-axial MEMS sensors. While there exists a broad variety of such devices on the market today, most of them cover only a low dynamic range (typically less than 10 g in case of accelerometers) as these sensors were primarily developed for consumer electronic devices such as cellphones. There are only a few sensors available, which reach the levels required by the suggested specifications above. In order to guarantee high-resolution data sampling for the key internal parameters, we restricted the initial design to hosting the accelerometer H3LIS331DL from STMicroelectronics, which covers a dynamic range of ±400 g with a resolution of 12 b (0.195 g) at a maximum sampling rate of 1 kHz and the ITG-3701 gyroscope from Invensense offering ±4000°/s with a high resolution of 16 b (0.122°/s) and a maximum sampling rate of 32 kHz.
StoneNode v1.1 hosts additionally an MS5611-01BA03 sensor from MEAS, which is a new generation altimeter sensor with an altitude resolution of up to 10 cm using an oversampling rate of 4096. However, as this results in a long response time of almost 9 ms, we are currently using a lower oversampling rate of 512 with a response time around 1.1 ms and an effective pressure resolution around 0.042 mbar (≈ 0.4 m at sea level) in order to have more headroom in the polling mechanism of the firmware. The pressure values are currently sampled at 100 Hz, together with additional temperature measurements provided by the sensor for linearization temperature compensation.
2) Microcontroller: The microcontroller periodically fetches the data from the two sensors and stores them in the nonvolatile memory. It also steers all circuit blocks with control signals, handles all user inputs, and manages visual notifications using LEDs. It further provides a simple UART command-line interface for debugging purposes. The MSP430FR5969 from Texas Instruments has been selected for its low power consumption of ∼3.6 mW at 3 V and 8 MHz in active, and ∼1.2 μW in standby mode. The internal peripherals allow for convenient integration with the sensors and the memory with a minimal amount of additional external components.
3) Interfaces: In order to make the hardware interface as simple as possible, the sensor node has been designed such that all required functionality is possible with only one micro-USB connector on board. The USB interface is used for high-speed access to the measured data, charging the internal battery, and communicating with the microcontroller via UART. To allow the users to download the data in a plugand-play manner, a USB hub chip that supports the proprietary SD card interface natively and provides another downstream USB port for the USB to UART interface has been selected. More in detail, the Microchip's USB2641 has been used in our design, so the flash memory card on the StoneNode is recognized as a regular mass-storage device on the host PC side. On the microcontroller side, an FT230X USB to UART bridge provides additional debugging support. In order to route the SD card signals to either the microcontroller or the USB hub chip, we chose the high-speed signal multiplexer TS3DV642 from Texas Instruments.
In order to facilitate retrieval of the sensor nodes in the field, we added a buzzer (PKLCS1212E4001-R1) to the StoneNode v1.1 that starts emitting an 85-dB 4-kHz beep signal after a user programmable timeout (currently set to 15 min). The timeout is needed to prevent the generated vibrations and pressure oscillations from corrupting the main measurements. We also record a time stamp on the SD card in order to keep track of the time instant the buzzer has been activated.
4) Power Supplies:
When developing a battery-powered device for mobile usage, the power consumption is always a crucial issue. There is a tradeoff between battery size and operating duration. To maximize the latter while minimizing the former, special care has to be taken on the power consumption of all involved components. Since all parts are operated at 3.3 V, there are no losses due to derivation of multiple supply voltage rails. Nevertheless, the battery voltage of 3.5-4.2 V has to be brought to the desired value of 3.3 V. Although the node should be low power, stable supply rails with low noise are desirable in order to ensure reliable sensor operation and accurate data acquisition. Therefore, a lowdropout linear regulator has been selected for the high stability of its output voltage. The choice fell on the ADM7170 from Analog Devices, which features a low dropout voltage of 42 mV and very low noise levels (5 μV RMS). Since the battery is nonremovable and mounted in the case (Fig. 1) , an on-board battery charger is required. In general, a LiPo battery must be charged by following a controlled profile with different charging states. There exist many specialized ICs to fulfill this task. We selected the MCP73831T-2ACI from Microchip, which is an integrated single-cell LiPo charge management controller. Many features like charge termination voltage, end-of-charge control, and preconditioning charge current are set in hardware.
B. Firmware
The firmware has been written to manage the data generated by the sensors and store the data in a reliable way. To achieve the best energy efficiency, the accelerometer and gyroscope interrupt the microcontroller after a sample has been taken. The barometer and the temperature sensor contained in the barometer do not support interrupts and are therefore being polled in the interrupt routine after servicing the other two sensors. Each time a sample is read from a sensor, a time stamp is generated and combined with the data collected from the sensor that triggered the interrupt. These data are saved temporarily in a FIFO buffer in the microcontroller. Once 512 B of sensor data have been collected, the buffer is flushed to the SD card in one burst. The internal digital clock digitally controlled oscillator generates the main 8-MHz clock of the microcontroller. Fig. 3 shows a flowchart of the main firmware functionality. After the initialization phase, the system goes into ultralow power mode and waits for an interrupt from the user buttons. When the 'measuring' phase starts, the data from the sensor are acquired and stored in the SD card flash memory by using the file allocation table file system [31] . For each measurement series, a new file is created with consecutive sequence number. Each file contains a 32-b header, containing information on the sampling rate and the range of the sensors. In addition, the file contains a cyclic redundancy check checksum at the end, which is generated using the dedicated hardware module available on the MSP430 microcontroller. This checksum can be used to verify data integrity during sensor readout, and prevent corrupted measurements to enter further downstream analyses of the sensor data.
To conserve microcontroller resources, the barometer linearization and temperature compensation are not performed at runtime, but postponed to a postprocessing step after sensor readout. Hence, the calibration parameters are read from the factory programmed ROM in the sensor initialization phase, and stored to the measurement file.
IV. EXPERIMENTAL RESULTS
In this section, we first present power measurements of both StoneNode version and list the resulting key figures in Table  IV . Then, we explain how the sensors were calibrated and provide several measurements gathered from induced rockfall experiments in the field. We discuss the obtained measurement traces and provide first results and insights from simulations where the acquired experimental data have been used to calibrate the RAMMS::ROCKFALL module.
A. Power Consumption
Measurement traces of the current consumption of both StoneNodes are shown in Fig. 4 , and have been obtained by operating the devices in unattached mode (i.e., no USB connection) with a fully charged battery (4.2 V, 1100 mAh).
The quiescent current of the StoneNode v1.0 is around 83 μA and is composed of the supply current of the LTC2950 ON/OFF power controller drawing around 10 μA, the reverse leakage of the battery charger of around 10 μA, and finally due to leakage of the voltage divider for measuring the battery voltage (21 μA) and the pull-up resistor for the LTC2950's open drain output (42 μA). The idle current (ON but not measuring) is around 12.7 mA with activated power LED and 8.8 mA without it. The difference matches the LED current of around 4 mA. The main contribution to the idle current is the operating current of the main power supply's low-dropout regulator with around 5 mA (worst case).
The first peak at 18 s in Fig. 4 (a) occurs during the card initialization phase of the first measurement. During logging, the different short peaks show the activity of the SD card, which in the current configuration (10 kB/s in 512 B bursts) is accessed every 50 ms. Some of these peaks are significantly higher than the remaining ones, which can be explained with internal storage operations of the microSD card. The repetitive duty cycle pattern where the current consumption jumps in 2 mA steps is due to the activity LED indicating that a measurement is in progress.
The average current consumption during a measurement is around 17.5 mA with activated LEDs, corresponding to a power consumption of 73.5 mW. Turning OFF the LEDs constantly would reduce the current and power consumption to 12.6 mA and 53 mW, respectively. Interestingly, with the relatively low write data rate of 10 kB/s, the SD card has an average current consumption of only 5 mA, which is significantly less than the maximum value of 200 mA specified for the high-speed mode in the SD standard [33] .
In Fig. 4(b) , we can see that the revised StoneNode v1.1 has almost identical idle current (12.85 instead of 12.7 mA), but the higher sampling rate of the sensor results in a current draw of 23.5 mA during measurements, on average, which is 6 mA more than with v1.0.
Long-time tests showed that the limiting factor is not power consumption (which theoretically would provide more The two versions have almost the same idle current, but version 1.1 draws 6 mA more current during measurements (on average), which can be primarily attributed to the higher sampling frequencies of the sensors, which in turn produces more data to be stored on the SD card.
than 60 operating hours with one battery charge for the StoneNode v1.0), but the capacity of the 2-GB SD card. With current data rates of 10 and 27 kB/s for the StoneNode versions 1.0 and 1.1, this results in operating times of around 56 and 20.5 h, respectively. The current battery and memory provisioning of the StoneNode hence enables uninterrupted field tests lasting for several working days.
B. Sensor Calibration
To compensate for any sensor offsets, we developed a calibration setup based on a rotating disk whose rotational velocity can be precisely controlled. The StoneNode to be calibrated is mounted at an off-axis position on that disk, and the rotational speed and centripetal forces are measured for a different speed settings ranging from 500°/s to 3000°/s. The process is repeated for all three sensor axes, and a linear correction function f (x) = c 0 + c 1 · x is computed for each sensor axis. The dominant correction term for the accelerometer is the constant offset c 0 and its value is in the order of 0.15-3 g. In case of the gyroscopes, the proportional term c 1 is dominant and shows deviations in the order of 0.09%-0.35% from the ideal value of 1.0.
C. Field Tests
Besides controlled lab experiments described in the sensor calibration routine, we have conducted several field tests. The experiment described in the following is a classical induced rockfall experiment that has been carried out in the Swiss Alps to gather statistics of the deposition locations, and several acceleration and rotational velocity traces for calibration and validation of the RAMMS::ROCKFALL module (Section IV-E).
Note that the measurements presented here have been acquired in autumn 2016 with the StoneNode v1.0. The StoneNode v1.1 has been developed during the winter period 2016/2017, and due to the Swiss Alpine weather conditions and snowfall, it could not yet be tested in the field. However, initial tests in the lab show that all functions work correctly, and we currently plan to deploy the updated sensors in further field tests during the summer period 2017.
1) Experimental Setup:
In the following, we present results from a larger experiment on a testing site with grassy terrain interspersed with stones (depicted in Fig. 5) . The terrain has a slope of >30°, which is typical for areas with increased rockfall risk. The rockfalls have been manually induced by releasing differently shaped boulders with 30-80 kg of mass at the Release Point shown in Fig. 5 . The StoneNode is mounted within the boulder to be measured by wedging it into a drilled hole located at the center of mass as shown in Fig. 6(a) . This ensures accurate tracking of the rock rotations, and protects the sensor from damage. Falling rocks in action are depicted in Fig. 6(b) .
The properties of the rocks used in this experiment are listed in Table III , and the corresponding digital models that are used later on in RAMMS::ROCKFALL are depicted in Fig. 7(a) . As can be seen in the Sneed and Folk diagram [32] in Fig. 7(b) , these rocks span several different morphological Table III.   TABLE III   SPECIFICATIONS OF THE GRANITE ROCKS (BERGELL ROCK 1-8) AND TWO  ADDITIONALLY USED ROCKS (A HEAVY ROCK NAMED TSCHAMUT 2  AND THE ARTIFICIAL EOTA TEST ROCK). THE ROCKS HAVE BEEN  INSTRUMENTED WITH STONENODES categories. The rocks have been released each under wet and frozen terrain conditions six to seven times in sequence in order to gather several measurement traces of the same rocks (some of the boulders disintegrated during the experiment and could not be released anymore).
2) Deposition Distribution and Measurements:
The deposition distributions of the Bergell Rocks 1-8 as well as for the TS2 block and a perfectly symmetric EOTA (norm rock of the European Organization for T echnical Assessment used in standardized rock fence testing procedures in official European Technical Approval Guidelines) block are depicted in Fig. 8 , Fig. 9 . Typical measurement traces obtained using the StoneNode. A distinct feature observed in most experimental runs is the rotational stabilization around the major axis of inertia (see text for more details). Note that the rocks used in this experiment cover a broad range of different shape classes according to the morphological classification by Sneed and Folk [32] shown in Fig. 7. (a A predominant feature of most of the recorded measurements shown in Fig. 9 is the stabilization of the rotation around the largest axis of inertia. This is not only the case for platy wheel shaped boulders such as Rock 1 in Fig. 9(a) , but holds equally so for more compactly shaped rocks such as Rock 5 in Fig. 9(b) . Obviously, the rotation amplitude becomes larger, the closer the rock shape is to an ideal wheel shape. Only heavily elongated rocks diverge from this distinct rotational behavior as can be seen in the measurement of Rock 3 in Fig. 9(c) . The EOTA shape promises to be more susceptible to small perturbations. In the experiment, the breaking of the symmetry by the sensor mounting hole resulted equally to a stable rotation around its major axis of inertia, as can be seen in Fig. 9(d) . The main difference with respect to the rotational features exhibited by compact natural rocks (such as Rock 1) is the pronounced slower rotations around the two minor axes of rotation.
Apart from rotational stabilization, we also observed other interesting features in this experiment such as abrupt changes of rotational direction due to heavy impacts on the ground as depicted in Fig. 10(a) , or the destruction of the rock that is visible as a 550-g resultant acceleration peak around the 134 s mark in Fig. 10(b) . Note that the sensor remained fully functional after disintegration of Rock 7.
3) Practical Experience Gained With the StoneNode: The StoneNodes used in these field tests have been intensely strained and they survived more than 50 tests with several heavy impacts (>400 g) and disintegrating boulders, and are still working. Only two immediate improvements were evident. First, the case should have a lid since the sunk-in mounting position does not provide sufficient protection of the USB port and buttons. And second, the node should have an acoustic signal emitter in order to facilitate sensor node retrieval in cases where the specimen boulders disintegrated. These improvements have been already implemented in the StoneNode v1.1, as described in Section III.
The observed rotational velocities for small rocks just exhaust the range limit of 4000°/s per axis of the deployed sensors. However, since we plan to rather move toward larger rocks in future experiments, the current conditions represent the extreme case. Larger rocks will have a larger moment of inertia, and are hence expected to exhibit lower rotational speeds in such experiments. Further, acceleration peaks above the per axis limits of 400 g of the sensors only occurred in rare special cases, e.g., when the boulder broke apart. Therefore, there are no immediate plans to increase the range of the accelerometer and gyroscope. However, we decided to increase the sampling rate from 400 and 500 Hz, respectively, to 1 kHz for higher temporal resolution in the StoneNode v1.1 to track the impact dynamics in greater detail.
D. Digital Elevation Model
In order to perform postexperimental parameter evaluations in RAMMS::ROCKFALL using the data acquired with the StoneNodes, a highly accurate digital elevation model (DEM) is required. Over the last years, laser scanning and aerial photogrammetry by UASs have been the tools of choice. Alpine applications most often feature rugged and impeded access to the experimental site. Thus, a light and transportable system is favorable. For the DEM used in this paper, an Ascending Technologies (AscTec) Falcon 8 Octocopter equipped with an externally modified Sony Alpha NEX-7 camera is deployed. The full weight of the system totals to 2.3 kg (incl. camera) and can be transported to remote locations fully assembled in a special backpack. The Sony Alpha NEX-7 system camera uses The required dimensions of the DEM determine the flight path, where sufficient spatial overlap has to be allocated in the individual pictures for postprocessing. The obtained UAS imagery was processed using AgiSoft PhotoScan Pro v1.2.4, a commercial software extensively used in the UAS community. For the absolute orientation, the recorded ground control points are used. The DEM then can be exported in different resolutions via the PhotoScan interpolation algorithm. Usually, DEM resolution is reduced to 2 m grid size as concession to generally available DEM resolution for practitioners. However, a DEM down to a grid size of 5 cm is possible with the described acquisition and postprocessing (see [34] for more details on DEM generation using UASs).
E. Preliminary RAMMS::ROCKFALL Calibration
As opposed to most other rockfall simulation programs, RAMMS::ROCKFALL is not governed by restitution coefficients, that is by simple rebound behavior of a point mass, but rather by the slippage-dependent friction law presented in [7] . The rolling, and above all, stick-slip motion happening at every impact is described by
where the effective friction μ(s) evolves from a smaller μ min to a higher μ max during the contact time governed by a time scale κ. Here, the slipping distance s is the distance that the center of mass of the rock travels during the contact phase. The temporal evolution of the slipping distance is assumed to decay to zero when the rock is no longer in contact with the terrain, that isṡ
In contrast to most other rockfall simulation software, the only stochastic process in RAMMS::ROCKFALL is the randomized start position of the released block. The subsequent trajectory path is completely determined via Newtonian laws and the numerical scheme of nonsmooth contact dynamics description together with hard contact laws. A first step toward improving the calibration of the RAMMS::ROCKFALL simulation module has been performed by using the experimental data to find the friction parameters for a given terrain. The calibration is currently done by sweeping these friction parameters μ min , μ max , κ, and β alongside with a velocity-dependent drag force d to account for additional energy dissipation during the contact time over their range of interest, and comparing the rock trajectories and deposition points of the resulting simulations with the data obtained from the experiments. This involves on the one hand the final deposition distribution visible in Fig. 8 and on the other hand the measured angular velocities of the rocks-which is an important property that can be used to screen the simulation runs against unrealistic behaviors. This is, we measure the congruence of the simulation and experimental data using the center of mass offset and the major axis angle offset between the Gaussian ellipsoids fitted to the deposition distributions. Further, as platy-shaped rocks exhibit most prominently the rotation around their largest axis of inertia, for those rocks, a lower boundary of 1000°/s on the mean angular velocity is set as exclusion criterion. Data sets with lower overall rotation are discarded. Future calibration might extend these routine to more sophisticated exclusion rules, especially including thresholds on all axes. Fig. 11 shows the results of this calibration for the experiments conducted exemplary for Rock 1. Fig. 11(a) visualizes the simulated traces together with the 3-D DEM used by the RAMMS simulation module, and Fig. 11(b) shows a Fig. 9 , we can observe that these traces exhibit both quantitatively and qualitatively similar motion patterns. comparison of the calibrated simulation run, together with the experimental data. We can observe good qualitative and quantitative agreement between the experimental data and the simulated traces. For most rocks, the center of mass offset criterion can be fulfilled within less than 0.5-m agreement. In order to have several parameter sets for comparison with the other rocks, this criterion is softened such that a minimum of 10 sets remain in the pool. This is achieved in increasing the precision level of the offset by half percent steps of the traveled distance. For Rock 1, this yields 18 parameter sets having a matching center of mass within a 0.92 m radius around the experimental deposition center. For these sets, the alignment of the main axis of the normal distribution matches between 0.1 • and 18 • . The same routine is applied for all rock shapes yielding parameter sets p R1 , p R1 , . . . , p R8 and the numbers of sets and congruence lie in the same order of magnitude for all of them. Finally, the p R1 -p R8 are searched for overlapping sets. Here, the best set is chosen to be the friction law with most appearances as an entire set in p R1 -p R8 . The best fitting parameter set is found to appear in p R3 , p R4 , p R5 , and p R7 while p R1 , p R2 , and p R6 , feature sets only differing in a single parameter from the best fit, or two parameters for p R8 , respectively.
Finally, Fig. 12 shows simulated accelerations and rotational velocities for Rock 1 and Rock 3, after calibration of the simulation model. When comparing these traces with the experimentally obtained ones in Fig. 9 , we can observe that they exhibit both quantitatively and qualitatively similar motion patterns.
V. CONCLUSION
We presented StoneNode v1.1, a rugged low-power sensor device for the acquisition of rockfall dynamics in induced experiments that are vital ingredients for the development of accurate simulation models. The node employs low-power MEMS sensors with high dynamic range with up to 1 kHz sampling rate. The StoneNode has been tested in-field during several tests in the Swiss Alps and the data that have been acquired with several rocks have been used to calibrate and validate a state-of-the-art simulation tool. Detailed results from the field tests and postprocessing steps have been presented in this paper and they confirm that the node is convenient and easy to use. The calibration methodology employed is still relatively simple and we expect to be able to further enhance the simulation performance by carrying out more elaborate analyses with the experimental data traces, gaining insights into the different behavior caused by varying boundary conditions. Additionally, equivalent experiments with larger rocks are planned in order to investigate whether it is possible to unify rock models and come up with generic models that are independent of rock size and shape. This methodology allows for a consistent (re)calibration of the simulation model, which is of major importance when applying software patches to the simulation kernel since it is expected that subsequent software releases behave similarly.
In the long run, we aim at reconstructing complete trajectories with sensor fusion approaches similar to the ones outlined in early studies by the SLF [26] , possibly also employing other sensor systems such as low-power LPS or GPS systems. The revised StoneNode v1.1 represents a next step toward this goal from the side of the acquisition device, since it offers higher sampling rates and an additional pressure sensor that can be used to capture additional information.
